The alternate binding dataset, in which all interactions are supported by sequence conservation data, reported whether an interaction had a p-value less than 0.001 or less than 0.005 but did not provide the exact p-value. Therefore, it was not possible to analyze the effects of the p-value cutoff in this dataset (as in Figure 1 of the main text) so instead we compared the overlaps at the 0.001 and 0.005 p-value thresholds. We observed similar trends in the significance of the overlap for both p-values. However, the relaxed threshold yielded higher percent overlaps (Supplementary Table I ). Table I . P-value cutoff of 0.005 versus 0.001. The overlap and its significance when using a p-value threshold of 0.005 or 0.001.
Supplementary
To test the hypothesis that there may be better overlaps among the most significant interactions for each gene, we identified the most significant TF-gene interaction for every gene (including the general KO genes). However, the overlap and its significance were much lower for this subset of interactions than they were for the full datasets (Supplementary Table II) . Similarly, we identified the subset of genes that were only bound by a single TF. While such genes were thought to be more likely to be affected by the knockout of that TF, our results do not support this claim (Supplementary Table II) .
Supplementary Table II. Most significant interaction per TF and genes affected by a single TF. The overlap and its significance when examining only subsets of interactions that were believed to be of higher quality.
Non-parametric tests
We divided each dataset, using the versions without general KO genes, into two sets of TF-gene interactions based on their enrichment as significant targets in the other dataset. For example, in the last row of Supplementary Table III we created one subset of 2955 binding interactions for which the corresponding TF-gene knockout effect has a p-value ≤ 0.0001 and another set of 1095717 binding interactions whose knockout counterpart is not significant at that p-value. The remaining binding interactions, whose gene targets are not present in the knockout experiments, are ignored. We used the non-parametric Mann-Whitney U test, also known as the Wilcoxon rank-sum test, to determine that the two sets of binding interactions do not come from identical distributions with equal medians (p-value 7.84*E-25). As seen in Supplementary Table III , for a range of interaction p-value thresholds, the p-value of the U test shows that the two sets of interactions do not come from identical distributions. This confirms that there is a strong dependence between the significant binding interactions and knockout effects and that this relationship is more prevalent at stricter p-values.
Supplementary Table III . Mann-Whitney U test. Threshold dataset is the dataset to which the p-value threshold was applied to define a set of significant gene targets. The matching and non-matching targets are the number of targets in the other dataset that are or are not significant at that p-value. The U test p-value is the p-value for the rejection of the null hypothesis that the two sets if interactions are from identical distributions with equal medians.
Removal of head-to-head genes
In the ChIP-chip study, whenever a TF bound between two head-to-head (divergent) genes it was deemed to interact with both of them. In reality, the TF may only functionally affect one of the two genes, which lowers the binding overlap because the TF was assigned to bind the other gene as well, and that gene is unlikely to be affected by the knockout of the TF. To address this issue, we removed all ~2000 head-to-head genes from the data and calculated the overlap (Supplementary Table IV) . While the binding overlap did show some improvement as expected (4.2%), it was not significant enough to justify ignoring more than one-third of all yeast genes (p-value of 10 -73 compared to an original p-value of 10 -114 ). As Supplementary Table IV shows, the trend in overlaps when only using non-head-to-head genes is in agreement with the results using all genes. Noise filtered binding data Garten et al. (Garten et al, 2005) designed four methods to filter noise from the binding data and assert that a TF-gene interaction is reported correctly. We examined the overlap in two resulting datasets, one which required verification from any of the four methods (union) and one which required support from all methods (intersection). In both cases, the binding overlap increases as expected, but the knockout interactions are not as well explained so the knockout overlap decreases (Supplementary Table V) . These effects are more exaggerated in the intersection dataset because it has higher confidence interactions but contains roughly 1/3 of the original interactions and 1/2 of the union dataset's interactions. The binding data to which the noise filtering techniques were applied was an earlier version of the binding data we use, and thus only contained interactions for 113 TFs of which 104 were also present in the knockout data.
Threshold dataset p-value threshold

Matching targets in other dataset
Although the binding overlap does improve in the noise-filtered dataset, the absolute number of interactions in the overlap is small and it is based on older binding data (Lee et al, 2002) . Therefore, we did not conduct further analysis with this dataset. (Pan et al, 2006; Reguly et al, 2006 ) that exhibited synthetic lethal interactions or synthetic growth defects. However, the subset of TFs involved in synthetic lethal interactions showed greater binding and knockout overlap than the set of all TFs (Supplementary Table VI ). The percentage of binding interactions that had corresponding knockout effects was particularly high; the exact opposite of the expected effect. However, because of the shortage of TF-TF double knockout data, this result is not sufficient to conclude that synthetic lethality does not contribute to the low overlap in general. It is possible that the pairs of TFs selected in these initial studies are biased, and that as more experimental data is made available the trend will reverse. Benefits of conserved binding dataset are not due to smaller set of TFs Because many TFs do not have any binding targets supported by a conserved sequence motif, the overlaps calculated using the alternate binding dataset involve only about half of the original TFs (97 of 188). As a control, we verified that the improved overlap with the conserved binding targets is due to the higher quality of binding interactions rather than the change in TFs examined by calculating the overlap for these TFs using the original binding data (Supplementary Figure  2) . 
Supplementary
Multiple levels of binding data conservation criteria
The filtered binding data that contained only interactions supported by sequence conservation was available for multiple levels of conservation strictness. We chose the strictest version, which required conservation in at least two other species of yeast, for the results reported in the main text. However, similar trends were observed in least strict version, which did not explicitly enforce conservation in other species for all binding interactions but did require presence of a sequence motif (Supplementary Figure 3) .
Supplementary Figure 3. Improved overlap between binding and knockout experiments
for different sequence conservation criteria. The same trends observed in Figure 2 hold when using the binding data with less strict conservation criteria. The significance of the overlap of the cleaned datasets is higher with this dataset than it is for the strictest binding data, but the binding overlap of TFs without a paralog is lower (10.4% compared to 12.6%). Gene Ontology for condition-specific TF activity One possible explanation for low binding overlap is that while a TF may bind a gene in a variety of conditions, it may only have a functional effect (and therefore cause a change in gene expression when knocked out) in specific non-YPD conditions. Because all of the knockout experiments were performed in YPD, it is feasible that TFs only active in YPD would have better overlap than all TFs in general.
We isolated YPD binding interactions from non-YPD interactions by using Gene Ontology (GO) (Ashburner et al, 2000) to identify the conditions in which the TFs are active (see Supplementary Methods). Some TFs were found to be active only in YPD, others only in non-YPD conditions, and the rest in both YPD and non-YPD conditions (Supplementary Table VII) . We compared the overlaps of TFs active only in YPD with TFs that can be active in non-YPD conditions and found that the YPD-only TFs did not have higher overlap. In fact, YPD factors actually had a lower overlap than TFs sometimes active in non-YPD conditions (Supplementary Table VII) . 
Supplementary
Overlap for TFs with no reported protein interactions
Our primary claim regarding shared PPIs is that TFs that share PPIs with their paralog are more likely to compensate for the loss of that paralog than those who do not interact with the same set of proteins as their paralog. This claim is supported by the binding and knockout data as we showed in the main text, but is not the only indicator that a TF may have a redundant partner. We also looked at how well the compensation mechanism works for TFs with no reported proteinprotein interactions (but with a strong paralog). There are 9 TFs with a very similar paralog (E-10 and E-20 sets) that do not have any reported protein interactions. The average binding overlap for these TFs, 1.08%, is less than both the average overlap of the entire set of TFs (6.72%) and the average overlap of TFs in these two paralog groups with a high percentage of shared interactions (2.37%). Thus, among pairs of TFs with strong sequence similarity there is evidence that compensation for a knockout can occur even when the deleted TF does not physically interact with other proteins.
Pfam-based paralogs show similar trend
The binding overlap of increasingly strict sets of paralogs defined through Pfam analysis followed the same trend as the BLASTP-defined paralogs (Supplementary Figure 4) . Those TFs without a paralog had binding overlap approximately 2.5 times greater than that of the group of TFs with a paralog at the strictest threshold (E-value E-8). However, we found that at E-8 the TFs that shared a higher percentage of PPI with their paralog had a greater binding overlap than those with few shared PPI. Because there were only 2 TFs in this subset, this anomaly could be a property of those particular TFs rather than their percentage of shared PPI.
Because the Pfam analysis only examined the TF binding domain, we further split the strictest set of Pfam-defined paralogs based on the homology of their non-binding domains (Supplementary Methods). Only the strictest set of paralogs was examined because this set contained 47 paralogs and was therefore large enough to split into smaller groups that each contained a reasonably large number of TFs. As seen in Supplementary Figure 5 , the paralogs with more homologous binding domains, indicated by BLASTP matches with a lower E-value, are more likely to be redundant and have low binding overlap. Similarly, paralogs with a greater number of homologous regions outside the binding domain are more likely to be redundant. 
A B
It has been reported that paralogous genes that have dissimilar expression patterns are more likely to be functionally redundant (Kafri et al, 2008) so we also divided the groups of paralogous TF-TF pairs based on their mean expression similarity. However, we were unable to draw conclusions from this split due to the disproportionate sizes of the subsets (Supplementary Methods).
Choice of PPI dataset does not impact interaction network results
The original interaction network was constructed using literature-curated PPI . However, similar results were obtained when using a larger set of protein-protein interactions from BioGRID . As seen in Supplementary Table VIII , BioGRID contains nearly all of the literature-curated data in addition to many high-throughput datasets.
We initially selected only literature-curated interactions due to several studies that have shown high-throughput methods to be error prone (Bader and Hogue, 2002; Sprinzak et al, 2003; von Mering et al, 2002) . Indeed, the presence of false positives in the BioGRID PPI leads to slightly less significant overlaps compared to the literature-curated PPI network even though the percentage of knockout effects explained is higher (Supplementary Figure 6) . Nevertheless, the BioGRID-derived network still yields much better overlap than the protein-DNA binding data alone. 
Supplementary
Multiple levels of conservation criteria in the interaction network
The PPI network analysis with the less strict conservation criteria (Supplementary Figure 7) reveals the same pattern seen with the strictest conservation criteria ( Figure 3 ). As expected, the less strict conservation criteria yields lower binding overlaps (1.92% versus 2.57% for path length of 2), but the knockout overlaps are higher, which causes the overlap to be more significant (10 -241 versus 10 -211 for path length 2).
Supplementary Figure 7.
Influence of physical interaction networks for different conservation criteria. As when using the strictest binding data conservation criteria, the interaction network with the less strict conservation criteria achieves the most significant overlap with a maximum path length of 2. Longer paths result in physical explanations for a larger percentage of knockout effects, but the lower percentage of physical interactions that are functional (i.e. explain a knockout effect) causes the significance to be worse for long paths. 
Analysis of human p63 studies
The human p63 depletion study (Yang et al, 2006) reported multiple sets of significant knockout effects based on various false discovery rate (FDR) thresholds. The increase in overlap when using a PPI network reported in the main text for the set of knockout effects with FDR threshold of 0.2 was also observed for the other FDR thresholds (Supplementary Figure 8) , as were the PPI randomization results (Supplementary Table X We performed a new Pdr1/Pdr3 double knockout experiment and obtained double knockout expression data for the other pairs from previous studies (Pramila et al, 2002; Voth et al, 2007; Zhu et al, 2000) . Comparison to the binding data was done without the conservation filtering criteria (original Harbison et al. results) since some of these factors only bound very few genes when using this criteria.
In all cases, the p-value of the overlap was higher for the double KO when compared to the single KO. In fact, with the exception of Ace2 and Swi5, we found that deleted TFs with a strong putative paralog do not affect the expression levels of a significant number of genes they bind due to their partner's compensation. In sharp contrast, when both a TF and its paralog are deleted, the backup mechanism is eliminated and a significant number of bound genes are differentially expressed (Supplementary Table XII) . Even for Ace2 and Swi5, which significantly affect their binding targets when knocked out individually, the effects of a double knockout are more pronounced. Expression analysis of yeast TFs We investigated whether the expression level of the paralog of a TF increased after the deletion of the TF. Increased expression would support our belief that the paralog compensates for the knocked out TF. As seen in Supplementary Table XIII, we found this to be the case for Ace2, Gzf3, and Sok2 after their respective paralogs Swi5, Gat1, and Phd1 were knocked out. In addition, the expression increase of Swi6 after its paralog Swi4 is deleted is just below the significance threshold. In contrast, no TF's expression level significantly decreased when its paralog was deleted.
Supplementary
Supplementary Table XIII . Paralog expression changed after partner knockout. The Xscore is related to expression fold change (Hu et al, 2007) . Negative X-score corresponds to down-regulation. An X-score of about 2.8 in either direction corresponds to a p-value of 0.005 and was considered to be significant. The knockout data was not available for the black boxes. 
TF1 ORF name
Backup in gene regulatory networks explains differences between binding and knockout results
Supplementary Methods
Head-to-head gene removal
The head-to-head gene pairs were defined in the same manner as the divergent genes in (Tsai et al, 2007) , and a list of 1202 divergent gene pairs was obtained from the authors of this paper. In short, head-to-head genes are divergently transcribed on opposite strands of DNA and have transcription start sites within 1000 base pairs of one another. SGD (http://www.yeastgenome.org/) was used to obtain the gene sequence and annotations from which the 1202 pairs were identified after filtering dubious, silent, and overlapping ORFs.
GO analysis
The GO terms used to determine if a TF is active in YPD or non-YPD conditions consist of the grandchild terms of the GO term biological process (accessed January 24, 2008). We manually annotated these terms as corresponding to a process that is only active in YPD or not (Supplementary Table XV -Excel file). Next, we downloaded the GO terms assigned to each yeast TF from SGD and used OboEdit (Day-Richter et al, 2007) to map the TFs to the annotated GO terms. Each TF was determined to be associated only with GO terms corresponding to YPD processes or with one or more GO terms indicative of a non-YPD process, such as GO term 0042221 -response to chemical stimulus.
Redundant paralogs
Kafri et al. (Kafri et al, 2005; Kafri et al, 2008 ) generated a list of 2224 protein-protein paralogous pairs by using BLASTP with an E-value threshold of E-20 and discarding pairs for which the length of the protein sequence of the longer TF is more than 1.33 times greater than that of the shorter TF. The subset of these pairs for which both proteins are TFs was used to define our E-20 paralog set. Note that TF-TF pairs that have a BLASTP E-value less than E-20 but do not meet the length ratio requirement are placed in the next less strict paralog set instead of the E-20 set. The authors created a second list of 112 protein-protein pairs with literature support of their redundancy. However, of these pairs, Fkh1-Fkh2 was the only TF-TF pair so we could not use this list in our paralog analysis. The literature-curated protein interactions were used to compute the percentage of shared PPI for the BLASTP-defined putative paralog.
Using the methods described by Kafri et al., we also calculated the mean expression similarity for all pairs of paralogous TFs to test whether within each of the four BLASTP-defined groups of paralogs, those TFs that had one or more paralogous partners with mean expression similarity ≤ 0.4 would be more likely to be redundant. However, we found that across all four sets of paralogs, only two TFs had mean expression similarity > 0.4. Thus, we were unable to draw any general conclusions from this analysis.
When working with the Pfam-derived paralog sets, similarities in the DNA non-binding regions of the different TFs were detected with BLAST when the E-value of their alignment was smaller than E-5. To search homology, we used a database composed by the 188 TFs in which the DNAbinding regions of the different TFs, according to the previous assignment of Pfam, were masked. The Pfam analysis was conducted independently from the BLASTP-based analysis and used a different set of PPI. These PPI were extracted from the DIP (release 2008014) (Salwinski et al, 2004) , MINT (release 2007-12-20 ) (Chatr-aryamontri et al, 2007) , and MPACT (release April 2007) (Guldener et al, 2006) databases. The results were merged via UniProt (Boeckmann et al, 2003) codes, protein sequence, and protein specie.
Protein-protein interaction network construction and randomization
In the PPI network, PPI were treated as undirected edges whereas TF-gene binding interactions were directed. To find the set of TF-gene physical interactions supplemented by the PPI network, we performed a breadth-first search starting at the source TF to obtain the set of TFs connected to the source TF. Path length was always limited so that the shortest distance from the source TF to the set of connected TFs did not exceed some fixed maximum. We then found the set of genes that are significantly bound by the connected TFs and took these genes as the set that are physically connected with the source TF. The overlap calculation was conducted as before except now the TF-gene physical connections were used in place of the TF-gene binding interactions.
The interaction network based on the literature-curated PPI dataset made use of all unique interactions reported. However, the BioGRID dataset (version 2.0.48) included non-physical interactions. Therefore, we removed all genetic interactions as well as those inferred from co-localization. Furthermore, only interactions between two yeast proteins were added to our interaction network.
The PPI randomization results we report are the summary statistics from a series of 50 individual randomization tests. In order to preserve global properties such as the degree of each node in the network, a random set of PPI was created by repeatedly randomly selecting two interactions and swapping a partner from the first interaction with a partner from the second. PPI are undirected so that either protein in the first randomly selected interaction can be swapped with either protein from the other interaction. We disallow a random swap if it would create an undirected edge that is already present in the PPI network, since this would reduce the number of distinct interactions in our random dataset. The number of swapping iterations performed is equal to 25 * the number of PPI, and because two interactions are selected at each iteration the average number of swaps per interaction is 50. The Poisson distribution can be used to find the probability of a particular interaction not being swapped
where k is the exact number of swaps per interaction of interest and λ is the expected number of swaps per interaction. Because the probability a given interaction will not be swapped is very low, we are confident the swapping procedure yields an effectively random set of interactions.
The directed TF-gene binding interactions are randomized in a different manner because the interaction source and target cannot be interchanged. Rather than swapping edges, we find the number of significant gene targets at a given p-value threshold for each TF and randomly select that many gene targets from the set of all genes in the binding dataset. If binding edges are allowed in the network, the same set of randomized binding interactions will be used for the intermediate edges in the PPI network and to link TFs connected to the source TF to significantly bound genes. The randomization results reported in Supplementary Table IX were calculated by finding the significance and overlap for each individual of the 50 randomization tests and then computing the summary statistics for these values. This yields different results than calculating the average number of overlapping interactions, binding interactions, and knockout interactions and then calculating the significance and overlap of these values.
Cytoscape was used for the protein-protein interaction network visualization (Shannon et al, 2003) Double knockout analysis LIMMA (Smyth, 2004 (Smyth, , 2005 was used to normalize and process the Pdr1/Pdr3 double knockout microarray data. We chose not to apply background correction, gave 0 weight to spots with a GenePix flag less than or equal to -50, and used print-tip group loess within array normalization. The set of significantly affected genes was obtained by adjusting the p-values for multiple hypothesis testing and taking genes with an adjusted p-value < 0.05, A > 9, and B > 1.5 (A is the average log 2 expression level and B is the log odds of differential expression).
The Fkh1/Fkh2, Ace2/Swi5, and Yhp1/Yox1 double mutant studies did not report p-values so different methods were used for each dataset to identify genes significantly affected by the perturbation.
The Fkh1 and Fkh2 double knockout data (Zhu et al, 2000) was subsequently analyzed by BarJoseph et al. to identify differentially expressed genes (Bar-Joseph et al, 2003) . They found 56 cell-cycle-regulated genes and 22 noncycling genes to be significantly affected by the double knockout, and we use these 78 genes for our analysis. For Fkh1 and Fkh2 single deletions, we apply a p-value threshold of 0.005 to the Hu at al. data to determine which genes are affected (Hu et al, 2007) .
The expression analysis of Voth et al. included an Ace2/Swi5 double knockout and well as single deletions of each of these TFs (Voth et al, 2007) . In both the single and double knockouts, Voth et al. considered a gene to be affected if it experienced a 2-fold or greater decrease in expression. We relax this criterion by allowing a 2-fold change in expression level in either direction.
Pramila et al. identified 28 cell-cycle-regulated genes that were derepressed in a Yhp1/Yox1 double mutant (Pramila et al, 2002) . When using the hypergeometric distribution to calculate the significance of the binding and knockout overlap, the complete set of possible gene targets must be known. Because the full Yhp1/Yox1 double knockout dataset was not available, the number of genes on the microarray was not known. Thus, to estimate the p-value of the overlap we used the set of 6275 ORFs from the array used in our Pdr1/Pdr3 double knockout. Pramila et al. did not perform Yhp1 or Yox1 single knockouts, so as with Fkh1/Fkh2 we apply a p-value threshold of 0.005 to the Hu at al. data (Hu et al, 2007) to determine which genes are affected by a single deletion.
Human data sources and interaction network
The motif-based human TF-gene binding data (Xie et al, 2005) from the Molecular Signatures Database (Subramanian et al, 2005) was provided as a mapping from TRANSFAC matrices (http://www.biobase-international.com/index.php?id=transfac, accessed April 19, 2008) (Matys et al, 2006) to genes, and it was therefore necessary to map the TRANSFAC matrices to unique TFs. It is not possible to directly translate the TRANSFAC matrices to Entrez gene identifiers (http://www.ncbi.nlm.nih.gov/sites/entrez?db=gene) (Maglott et al, 2005) , our target identifier, so we integrated several data sources to map from TRANSFAC matrices to TRANSFAC TF identifiers to UniProt accession numbers (http://www.uniprot.org, data downloaded April 20, 2008) (Boeckmann et al, 2003) to Entrez gene identifiers. The mapping from TRANSFAC matrices to Entrez gene identifiers was not 1-to-1 because at each of the intermediate steps it was possible that a single identifier mapped to zero, one, or many other identifiers. Nevertheless, the overlaps we calculate are similar enough to those reported by Yang et al. (Yang et al, 2006) for us to conclude that any loss of information at these intermediate mapping steps is negligible.
The p63 knockout data was reported as UniGene (http://www.ncbi.nlm.nih.gov/sites/entrez?db=unigene) (Pontius et al, 2003) and GenBank accession numbers (http://www.ncbi.nlm.nih.gov/Genbank, accessed April 17, 2008) (Benson et al, 2008) , which we mapped to Entrez gene identifiers. The p63 binding data was reported as the chromosomal position which was bound, and as described by Yang et al. (Yang et al, 2006) we used the USCS Genome Browser (http://genome.ucsc.edu/, accessed April 22, 2008) (Karolchik et al, 2008 ) to obtain RefSeq (Pruitt et al, 2007) identifiers for the binding sites. The RefSeq identifiers were then mapped to Entrez gene identifiers. The motif-based binding, p63 binding, and p63 knockout datasets were then integrated with PPI from HPRD (http://www.hprd.org, HPRD_Release_7_09012997) (Mishra et al, 2006) .
The human p63 binding and knockout overlaps with and without the PPI network were calculated in the same way as the yeast TF overlaps, however the process used to randomize the PPI varied slightly. Because of the large number of human PPI in the HPRD database, we performed 5 random swaps per interaction instead of the 25 used with yeast to reduce the computational demands of the randomization.
Supplementary Table XV (Excel file). YPD and non-YPD GO terms.
This table contains the list of GO terms that were used to assess whether a TF is active only in YPD or if it may be active in non-YPD conditions as well.
